modelling @\py

Article

Integrated Prediction of Thermophysical Properties of Natural
Gas Using Machine Learning and Its Application to Pressure
Drop Modeling

Carolina Lima da Silva ¥, Luiz Carlos Lobato dos Santos ‘ and George Simonelli *

Oil, Gas, and Biofuels Research Laboratory (PGBio), Postgraduate Program in Chemical Engineering (PPEQ),
Federal University of Bahia (UFBA), Rua Prof. Aristides Novis 02, Federagao, Salvador 40210-630, BA, Brazil;
limacarolina@ufba.br (C.L.d.S.); Iclsantos@ufba.br (L.C.L.d.S.)

* Correspondence: gsimonelli@ufba.br; Tel.: +55-(71)-3283-9854

Abstract

Accurate prediction of natural gas thermophysical properties is essential for applications
in production and transportation engineering, including reservoir simulation and flow
modeling. Although machine learning (ML) techniques have been widely used, most
studies focus on the estimation of these properties, with limited integration into practical
applications. In this study, we propose a supervised model based on a Backpropagation
Neural Network for simultaneous estimation of four interdependent properties: com-
pressibility factor (Z), viscosity (i), density (p) and gas formation volume factor (Bg). The
multi-output model was trained on 58,165 data points generated from thermodynamic
correlations, using pressure, temperature, composition (mole fractions of N, CO, and H,S),
and gas specific gravity as inputs. The results yielded RMSE values of 5.56 x 1074,
3.24 x 107°,3.01 x 1072, and 6.33 x 10~% for Z, #, p and Bg, respectively, with R? co-
efficients close to unity. The model’s applicability was evaluated by integrating the Z-factor
into pressure drop calculations in pipelines using the Cullender and Smith method, result-
ing in a mean percentage error of 3.78%, close to the traditional method (3.83%). The results
indicate that the model is an efficient and consistent alternative, highlighting the potential
for integrating ML with classical hydraulic models.

Keywords: artificial neural network; gas compressibility factor; gas viscosity; gas density;
gas formation volume factor; pressure drop; hybrid framework

1. Introduction

Natural gas plays a strategic role in the global energy matrix due to its high energy
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efficiency and lower carbon emissions compared to other fossil fuels. As a result of these
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The prediction of the physicochemical properties of natural gas is fundamental to
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several applications in the oil and gas industry, including gas transportation and stor-
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modeling, and the design of production systems [1]. Traditionally, these properties have
been estimated using empirical correlations and equations of state developed from experi-
mental data [2—-4]. Although widely used, these approaches may present limitations related
to predictive accuracy, computational cost, and applicability to systems with variable
composition. In particular, some widely adopted correlations require iterative numerical
procedures for property evaluation. For example, the Hall-Yarborough correlation used for
compressibility-factor estimation is based on the solution of an implicit nonlinear equation,
requiring repeated iterations until convergence is achieved. In large-scale engineering
applications, such as reservoir simulation, production forecasting, and hydraulic calcula-
tions, the repeated evaluation of these correlations may increase computational cost and
execution time. Consequently, the development of explicit surrogate models capable of
reproducing these correlations with high accuracy represents an attractive alternative for
engineering calculations.

Furthermore, the direct experimental determination of these properties involves com-
plex laboratory procedures, specialized equipment, and strict control of experimental
conditions, resulting in high costs and longer execution times [5].

In recent years, machine learning techniques have been investigated as promising
alternatives to improve the prediction of natural gas thermophysical properties [1,6-11]. In
particular, models based on artificial neural networks (ANNs) have demonstrated a strong
ability to capture nonlinear relationships between input and output variables, yielding
competitive or superior performance compared to traditional methods, such as empirical
models, equations of state and correlations [2,9,12-15].

In this context, machine-learning models offer not only the ability to capture nonlinear
relationships but also the possibility of replacing iterative thermodynamic calculations with
explicit and computationally efficient approximations. Several studies have explored the
use of these techniques to estimate specific natural gas properties, such as compressibility
factor, viscosity, or density [1-6,8-14,16,17]. However, most of these studies focus on the
individual prediction of properties, employing separate models for each variable.

Although this approach may provide accurate estimates for isolated properties, it
can lead to inconsistencies when multiple interdependent thermodynamic properties are
used simultaneously in engineering calculations. Properties such as compressibility factor,
density, viscosity, and gas formation volume factor are physically interrelated and depend
on pressure, temperature, and gas composition conditions [18].

Furthermore, a large portion of studies employing neural networks to estimate natural
gas thermophysical properties focus primarily on evaluating the predictive capability of
the models, without thoroughly exploring the application of these predictions to practical
oil and gas engineering problems. In particular, there is still a limited number of studies
investigating the direct use of these predicted properties in hydraulic calculations, such as
in estimating pressure drop in gas production pipelines.

Hydraulic calculations used in petroleum production engineering depend directly on
the accuracy of the fluid’s thermodynamic properties, particularly the compressibility factor,
while density is obtained from equations of state and viscosity is incorporated through
correlations associated with the flow regime [18]. In this context, the accurate prediction of
these properties by machine learning models is essential to ensure the reliability of results
in engineering applications.

Despite recent advances, a gap remains in the integration of machine learning models
with classical phenomenological models used in gas production and transportation engi-
neering. The combination of these approaches represents a promising strategy to enhance
the physical consistency and practical applicability of predictions, enabling their direct
incorporation into real-world engineering problems.
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In this context, this study proposes the development of a Backpropagation Neural
Network (BPNN) model for the simultaneous estimation of four thermophysical properties
of natural gas: compressibility factor (Z), viscosity (u), density (o), and gas formation
volume factor (Bg). Rather than replacing experimental measurements, the proposed
model aims to provide an explicit, non-iterative, and computationally efficient surrogate
representation of well-established thermodynamic correlations. As a main contribution, the
model is integrated with a classical hydraulic formulation, and its applicability is evaluated
through pressure-drop calculations using the Cullender and Smith [19] method.

The results demonstrate that the proposed approach provides consistent and physically
coherent estimates, highlighting the potential for integrating machine learning with classical
hydraulic models in engineering applications.

2. Materials and Methods
2.1. Dataset

The dataset used in this study was generated based on thermodynamic and empiri-
cal correlations that are well established in natural gas engineering. The compressibility
factor (Z) and gas density (o) were determined using the Hall-Yarborough [20] method,
while gas viscosity (i) was estimated using the correlation proposed by Carr et al. [21],
incorporating pseudocritical property corrections to account for the presence of non-
hydrocarbon components (N2, CO,, and H»S). The gas formation volume factor (Bg) was
calculated from standard thermodynamic relationships, using the previously determined
compressibility factor.

In addition, gas density (o) and gas formation volume factor (Bg) are thermo-
dynamically related to the compressibility factor and can be obtained from the
following relationships:

_ M 1
Bg = 0.02827 % (2)

where P is pressure, T is absolute temperature, M; is the apparent molecular weight of the
gas mixture, and R is the universal gas constant. Consequently, although four properties
were simultaneously predicted by the neural network, only Z and u may be considered
thermodynamically independent targets, whereas p and Bg are physically linked to the
predicted compressibility factor.

The pseudocritical properties were adjusted according to the procedure proposed by
Carr et al. [21], incorporating compositional effects on pseudocritical pressure and temper-
ature. Based on these corrected properties, the pseudoreduced pressure and temperature
were calculated and used in the iterative solution of the implicit Hall-Yarborough [20]
equation. In general, the adopted correlations depend on pressure, temperature, and the
mole fractions of N,, CO,, and H,S.

For dataset construction, variation ranges were defined for each input variable, as
presented in Table 1. These ranges were defined to represent a broad operational envelope
typical of natural gas systems [22,23], spanning from near-atmospheric conditions to high-
pressure and high-temperature regimes characteristic of deep reservoirs, such as those
observed in Brazilian pre-salt systems. For each variable, a specific number of points
(N) was defined within the minimum and maximum range, uniformly distributed using
constant increments (A).
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Table 1. Range of Input Data Used for Dataset Construction.

Property Units Minimum Maximum N A
Pressure psia 14.7 7980.0 41 199.1
Temperature °F 10.0 370.0 15 25.7
Mole fraction of Nj (yN>) - 0.004 0.007 4 0.001
Mole fraction of CO, (yCO,) - 0.14 0.25 4 0.037
Mole fraction of H»S (yH;S) - 0.0000 0.0001 2 0.0001
Gas specific gravity (dg) - 0.5 0.7 3 0.1

The compositional ranges adopted for the non-hydrocarbon components (N, CO;,
and H,S) were defined based on representative gas compositions observed in producing
reservoirs of the Santos Basin pre-salt province. Although the original field data are
proprietary and therefore cannot be publicly disclosed, they were used exclusively to
establish realistic compositional intervals for dataset generation. Consequently, the input
domain was designed to represent practical gas compositions encountered in petroleum
engineering applications rather than arbitrary synthetic mixtures.

It should be noted that the objective of this study is not restricted to pre-salt reservoirs.
The selected compositional intervals were used as representative reference conditions for
the construction of the database, while the proposed methodology remains applicable to
natural gas systems within the ranges covered by the training dataset.

The definition of the number of points (N) for each variable considered both the range
of variation and the impact of discretization refinement on the combinatorial growth of
the dataset. Variables with a wider range, such as pressure, were discretized with higher
resolution to adequately represent the domain of interest. However, adopting smaller
increments would lead to an exponential increase in the number of possible combinations,
making the dataset excessively large and computationally impractical. Therefore, the
adopted discretization sought a balance between input space resolution and computational
cost, ensuring representative coverage of the considered operating conditions.

The combinations of input variables were initially generated using a Cartesian product
scheme. In this procedure, each value of a given variable was combined with all defined
levels of the remaining variables, resulting in a total of 59,040 combinations.

The different combinations were then used to calculate the thermophysical properties
of natural gas using the adopted correlations. In the proposed model, the input variables
correspond to pressure (P), temperature (T), mole fractions of Ny, CO,, and H;S, and gas
specific gravity (dg), while the output variables correspond to the compressibility factor (Z),
viscosity (i), gas density (o), and gas formation volume factor (Bg).

Table 2 presents the range of calculated thermophysical properties used as output
variables in the neural network training. These values correspond to the minimum and
maximum limits obtained during dataset generation, representing the operational range
considered in the development of the model.

Table 2. Range of Calculated Thermophysical Properties Used in Neural Network Training.

Variable Units Minimum Maximum
Z - 0.5733 1.2198

7 cP 0.0079 0.0517

p Ib/ft3 0.0239 26.4828
Bg ft3 /scf 0.0019 1.5971

The use of well-established thermodynamic correlations for dataset generation allows
for a consistent representation of the physical behavior of natural gas properties over a wide
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range of operating conditions [20,21]. These correlations are widely used in natural gas
engineering and have been validated against extensive experimental datasets reported in
the literature [2,12,14,16,17,24], ensuring the construction of a physically consistent training
dataset suitable for the development of the proposed model.

Although the thermophysical properties used as target variables were generated from
established engineering correlations, the input space was constructed using physically
representative ranges of pressure, temperature, gas specific gravity, and non-hydrocarbon
composition. Therefore, the proposed BPNN should be interpreted as a high-fidelity surro-
gate model of the underlying thermodynamic correlations within a realistic operational
domain. Nevertheless, independent validation using laboratory PVT measurements and
fully characterized field datasets remains an important direction for future research.

2.2. Data Filtering and Preprocessing

Prior to developing the Artificial Neural Network (ANN) models, the dataset was
subjected to a systematic filtering and preprocessing procedure to ensure the physical
consistency of the data, reduce the influence of outliers, and prepare the data for training
machine learning algorithms.

Initially, a filtering step was applied to the generated dataset, in which combina-
tions that did not exhibit numerical convergence or physical consistency in the adopted
thermodynamic correlations were removed. This procedure reduced the dataset from an
initial 59,040 to 58,165 data points.

Subsequently, the physical consistency of the data was verified, retaining only the data
points that satisfied the following conditions:

Z>0,u>0,p>0,and By > 0.

Additionally, outliers were identified by comparing the compressibility factor ob-
tained from the Hall-Yarborough [20] and Beggs and Brill [25] correlations. Data deemed
inconsistent or physically incompatible were removed, ensuring thermodynamic coherence
and statistical quality of the final dataset.

Subsequently, the input and output variables were standardized using the z-score
method during the preprocessing stage of the BPNN model, with the aim of improving
numerical stability and promoting convergence during the neural network training pro-
cess. This procedure consists of transforming the data into a distribution with zero mean
and unit standard deviation, preventing variables with different orders of magnitude
from disproportionately influencing the learning process. The applied transformation is

defined by Equation (3):
X — my

)

Xnorm = o
X

where X;;or is the normalized value, X is the original value, and my and o correspond to
the mean and standard deviation of each variable, respectively. These parameters were
computed exclusively from the training subset.

The corresponding means and standard deviations used for the standardization of
both input and output variables are provided in the Supplementary Material (Table S2) to
facilitate independent reconstruction and reproducibility of the trained BPNN model.

Standardization was adopted due to the differences in magnitude among the ana-
lyzed thermophysical properties (Z, i, p, and Bg). The use of raw values could introduce
scale dominance in the loss function used during neural network training, potentially
compromising the optimization of the model parameters.

Additionally, since the neural network architecture adopted in this study includes a
hidden layer and uses a zero-centered hyperbolic tangent activation function, the inputs
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were standardized to promote gradient symmetry, reduce neuron saturation, and enhance
stability during training convergence. Previous studies on compressibility factor prediction
using neural networks also emphasize the importance of centering and scaling steps within
the modeling pipeline [8,12].

2.3. Correlation Analysis

A correlation analysis was conducted using the Spearman correlation coefficient to
evaluate the relationships between the input variables and the natural gas output properties
considered in this study. This analysis allows the degree of influence of each input variable
on the predicted properties to be identified, contributing to a better understanding of the
physical behavior of the dataset used in model development.

The Spearman correlation coefficient is a nonparametric statistical measure that eval-
uates the strength and direction of the monotonic relationship between two variables.
The correlation coefficient ranges from —1 to 1, where values close to +1 indicate a
strong positive monotonic correlation, values close to —1 indicate a strong negative mono-
tonic correlation, and values close to zero indicate no significant correlation between the
analyzed variables.

In this study, the analysis was applied to evaluate the relationship between the input
variables, pressure (P), temperature (T), mole fractions of Ny, CO,, and H,S, and gas
specific gravity (dg), and the model output properties, corresponding to the compressibility
factor (Z), gas viscosity (i), gas density (p) and gas formation volume factor (Bg). The
correlation matrix was represented as a heatmap, allowing visualization of the degree of
association among the analyzed variables.

This analysis also enables verification of the physical consistency of the relation-
ships present in the dataset, as the thermodynamic properties of natural gas exhibit well-
established dependencies on pressure, temperature, and non-hydrocarbon composition.

It should be noted that the interpretation of correlation coefficients must consider
the sampling ranges adopted for each variable. Components such as N, and H;S exhibit
relatively narrow concentration intervals in the present dataset; therefore, low correlation
coefficients may partially reflect limited variability rather than the absence of physical
influence on the thermophysical properties.

2.4. Artificial Neural Network Architecture

Artificial neural networks (ANNSs) consist of computational structures composed of
interconnected artificial neurons, whose internal parameters (synaptic weights and biases)
are adjusted during the training process. This structure enables the model to learn nonlinear
relationships between input and output variables directly from data. The performance
of an ANN depends on the definition of key hyperparameters, including the network
architecture (e.g., feedforward or recurrent), the number of layers and neurons in each layer,
the training algorithm responsible for updating weights and biases, and the activation
function used to introduce nonlinearity into the modeling process [26].

In this study, a supervised learning approach was adopted, in which the model
is trained using known input-output data pairs. A feedforward Multilayer Perceptron
(MLP) artificial neural network was implemented in the MATLAB R2025b (MathWorks
Inc., Natick, MA, USA) environment and trained using the error backpropagation algo-
rithm. In the literature, this configuration is commonly referred to as a Backpropagation
Neural Network (BPNN).

The developed model was designed to simultaneously estimate four physicochemical
properties of natural gas: compressibility factor (Z), gas viscosity (1), gas density (p), and
gas formation volume factor (Bg). The selection of a backpropagation-trained MLP was
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motivated by its ability to model complex nonlinear relationships between input and
output variables, and its widespread application in regression and pattern recognition
problems in engineering [10].

The network comprises six input variables corresponding to the thermodynamic
properties of the system: pressure (P), temperature (T), mole fractions of Ny, CO;, and
H,S, and gas specific gravity (dg). The output layer consists of four neurons associated
with the predicted properties (Z, y, p, and Bg). The number of neurons in the hidden
layer was determined based on a model performance analysis, considering different
architectural configurations.

To determine the optimal network complexity, architectures with hidden-layer sizes
ranging from 10 to 40 neurons were evaluated. The final architecture was selected based on
the comparative analysis of the prediction errors obtained for the four target properties, as
described in Section 3.2.

The adoption of a single hidden layer was motivated by the Universal Approximation
Theorem, which states that feedforward neural networks with nonlinear activation func-
tions can approximate continuous multivariate functions with arbitrary accuracy, provided
that a sufficient number of hidden neurons is employed [27,28]. Therefore, a single hidden
layer was considered an appropriate architecture for the present regression problem, while
the optimal number of hidden neurons was determined empirically through performance
evaluation, as discussed in Section 3.2.

Equation (4) shows that the hidden layer uses the hyperbolic tangent
activation function:

£(u) = tanh(u) @

The output layer employs a linear activation function, which is suitable for continuous
multi-output regression problems.
Mathematically, the model can be described by Equations (5) and (6):

a1 = tanh(Wyx + bq) (o)

Ynorm = Waay + by (6)

where W1 and W, are the weight matrices, and by and b, are the bias vectors of the hidden
and output layers, respectively.

The properties in the physical scale were obtained by applying the inverse standard-
ization transformation, as defined in Equation (7):

Y = Ynorm * Oy + My (7)

where oy and my correspond to the standard deviation and mean of the output
variables, respectively.

The use of a single neural network to estimate multiple properties enables the joint
helps preserve physical self-consistency among the predicted properties. This approach
reduces the likelihood of inconsistencies between interrelated thermophysical properties
that may arise when independent models are used for each variable, thereby contributing
to greater physical coherence in the model predictions.

2.5. Neural Network Training

The neural network was trained using the Levenberg—Marquardt [29] algorithm,
which is widely employed in nonlinear regression problems due to its high convergence
efficiency [2,12,14]. The learning process was conducted in a supervised manner, using
previously known input-output data pairs.
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The dataset was divided into three independent subsets: 70% of the data were used
for training, 15% for validation, and 15% for testing. The training set was used to adjust
the neural network parameters, while the validation set was used to monitor model per-
formance during training and to monitor the model generalization performance during
training. The test set was used exclusively to evaluate the model’s generalization capability.

During training, the input and output variables were standardized using the z-score
method, as described in Section 2.2, with the aim of improving the numerical stability of
the optimization process and preventing the dominance of variables with larger orders of
magnitude. The neural network training consisted of minimizing a loss function based on
the Mean Squared Error (MSE) between the model predictions and the reference values.

Training was terminated when the predefined maximum number of 1000 epochs
was reached. The validation subset was monitored throughout the training process to
assess generalization performance. After training the network, the model performance was
evaluated by comparing the values predicted by the neural network with the reference
values obtained from the thermodynamic correlations used in dataset generation.

2.6. Model Evaluation Metrics

The predictive performance of the proposed model was evaluated using statistical
metrics widely employed in regression problems, including Mean Absolute Error (MAE),
Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and the coefficient of
determination (R?). These metrics were calculated separately for the training, validation,
and test sets for the four properties predicted by the model (Z, y, p, and Bg), with the
results obtained from the test set used as the primary reference for evaluating the model’s
generalization capability.

The Mean Absolute Error (MAE), expressed in Equation (8), represents the average
of the absolute differences between the values predicted by the neural network and the
reference values, and is given by:

1 .
MAE = -3 0\ [yi = 9il ®)

where y; represents the reference value of the analyzed property, ; denotes the value
estimated by the neural network, and n represents the total number of samples. The
MAE provides a direct measure of the average error magnitude and is less sensitive to the
presence of outliers.

The Mean Squared Error (MSE), shown in Equation (9), was used as the loss function
during neural network training and is defined as:

j — .
MSE = ;Zizl (l/z' —§i)? ©)

This metric penalizes larger errors more heavily due to the squared term, making
it well suited for optimization processes based on least-squares methods, such as the
Levenberg-Marquardt algorithm [29].

The Root Mean Squared Error (RMSE), presented in Equation (10), corresponds to
the square root of the MSE and has the same unit as the output variable, facilitating the
physical interpretation of the prediction error.

RMSE = \/ Y92 (10)

Lower RMSE values indicate closer agreement between the model predictions and the
reference values.
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Equation (11) presents how the coefficient of determination (R?) was calculated to
evaluate the degree of correlation between the predicted values and the reference values.

Y (i — 0i)?

RP=1- =
Y (vi—y)?

(11)
where 7 represents the mean of the reference values. The coefficient R? ranges from
0 to 1, with values close to unity indicating a high degree of agreement between the model
predictions and the reference data.

Additionally, a regression analysis between the predicted and reference values was
performed using parity plots, allowing a visual assessment of the model’s goodness of fit.
The proximity of the data points to the identity line (y = x) was considered indicative of
adequate predictive capability.

The combined use of these metrics enables a comprehensive evaluation of model
performance. In this way, both the magnitude of errors and the quality of the fit between
predicted and reference values can be simultaneously assessed.

In this study, MSE values below 0.01 and RMSE values less than or equal to
0.03 were considered indicative of good predictive performance of the model. These
thresholds are consistent with criteria adopted in the literature for regression problems
in engineering [11,30].

In addition to the internal training, validation, and test procedures, an indepen-
dent experimental validation was subsequently performed using literature data not em-
ployed during model development. The details and results of this validation are presented
in Section 4.4.

2.7. Application to Pressure Drop Calculation

To evaluate the practical applicability of the developed model, the gas compressibility
factor (Z) estimated by the neural network was incorporated into pressure drop calculations
in natural gas production pipelines using the classical Cullender and Smith [19] method.

The method was applied to real data from seven gas-producing wells reported in
the literature, as described in the study by Yusrizal and Santoso [31]. The operational
data used include gas production rate, tubing internal diameter, gas specific gravity, well
depth, flowing wellhead pressure (Py), measured flowing bottom-hole pressure (Py), and
operating temperatures along the production string.

The method was implemented in the MATLAB environment through a parametric
algorithm that allows the definition of the operating conditions for each well. The analyzed
wells are assumed to be vertical, and the tubing strings have specific internal diameters
and lengths, as presented in Table 3, along with the pressure, temperature, and flow rate
conditions used in the calculations.

It should be noted that Well 06 presents a gas specific gravity of 0.78, whereas the
training dataset was developed using values between 0.50 and 0.70. Therefore, this case
represents an extrapolation of approximately 11.4% beyond the upper training limit. Al-
though the proposed BPNN produced physically consistent predictions for this condition,
extrapolative results should be interpreted with additional caution because neural networks
generally exhibit greater reliability within the interpolation domain.

All assumptions and parameters of the original Cullender and Smith [19] hydraulic
formulation were kept unchanged during the application of the method. The only mod-
ification introduced consisted of replacing the conventional procedure for obtaining the
gas compressibility factor—traditionally determined from the Standing and Katz [32]
chart—with the values estimated by the BPNN model developed in this study.

https://doi.org/10.3390 /modelling7040138


https://doi.org/10.3390/modelling7040138

Modelling 2026, 7, 138

10 of 23

Table 3. Operating Conditions and Well Parameters Used in the Application of the Cullender and
Smith [19] Method.

Well q MMscfd) DI (in) dg L (ft) Py (psia) Py (psia) Tyt (°F) T (°F)
01 4.20 1.995 0.746 13,904 2170 1345 278 121
02 7.75 2.992 0.718 10,730 2518 1812 207 110
03 3.11 1.995 0.755 11,682 1942 1383 240 121
04 12.85 2.992 0.700 12,464 3114 2235 257 128
05 3.50 1.995 0.700 12,523 1838 1240 246 128
06 2.61 2.992 0.780 12,716 2061 1455 260 121
07 291 2.992 0.693 12,854 2347 1786 276 121

Source: Adapted from Yusrizal and Santoso [31]. Note: g = gas flow rate; DI = tubing internal diameter; dg = gas
specific gravity; L = tubing length; P, = flowing bottom-hole pressure; Py = flowing wellhead pressure; T, and
Tyt = bottom-hole and wellhead temperatures, respectively.

The pressure drop in the tubing was calculated based on the estimation of the flowing
bottom-hole pressure (P,¢) obtained using the Cullender and Smith [19] method. The
calculated pressure loss in the tubing corresponds to the difference between the calculated
flowing bottom-hole pressure and the flowing wellhead pressure (Py). Similarly, the
field-measured pressure drop was obtained from the difference between the measured
flowing bottom-hole pressure and the flowing wellhead pressure recorded under operating
conditions Yusrizal and Santoso [31].

This step enabled the evaluation of the physical consistency and practical applicability
of the natural gas thermophysical property prediction model. In particular, it was assessed
whether the compressibility factor estimated by the neural network is capable of producing
consistent results when incorporated into a classical hydraulic model widely used in gas
production engineering.

3. Results
3.1. Spearman Correlation Analysis

Spearman correlation was computed to investigate the monotonic relationships be-
tween the input variables and the output properties of the dataset prior to neural network
training. This analysis enables the identification of the degree of association between vari-
ables and provides a preliminary indication of the prediction difficulty for each property,
as outputs with low correlation to the input variables tend to exhibit higher modeling
complexity. In addition, the analysis contributes to the interpretation of the physical
behavior of the data.

Figure 1 presents the Spearman correlation matrix between the input variables, pres-
sure (P), temperature (T), mole fractions of N, CO,, and H,S, and gas specific gravity (dg),
and the output properties considered in this study, namely the compressibility factor (Z),
gas viscosity (y), gas density (o), and gas formation volume factor (Bg). In this analysis, the
Spearman correlation coefficient (rs) ranges from —1 to 1 and indicates the strength and
direction of the monotonic association between the analyzed variables.

The results indicate that pressure (P) is the primary controlling parameter of the
system. A strong positive monotonic correlation is observed between pressure and
gas viscosity (rs = 0.91) and between pressure and gas density (rs = 0.87), as well as a
strong negative monotonic correlation between pressure and the gas formation volume
factor (rs = —0.89).
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P 0.91 0.87 -0.89 0.8
T 0.46 -0.14 -0.35 0.39 6
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.g 0
> yCO, -0.02 -0.02 0.01 -0.01
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g
= VH.S -0.4
yH; -0.00 0.00 0.00 -0.00
-0.6
dy -0.17 0.17 0.24 -0.03 -0.8

Output variables

Figure 1. Spearman correlation matrix between input and output variables, presented as a heatmap.

Temperature (T) exhibits a secondary influence on the analyzed properties. A moderate
negative correlation with gas density (rs = —0.35) and a positive correlation with the gas
formation volume factor (rs = 0.39) are observed. The correlation between temperature and
the compressibility factor (Z) shows a moderate magnitude (rs = 0.46).

The composition variables (yN,, yCO,, and yH,S) exhibit correlation coefficients
close to zero in the considered dataset. Similarly, gas specific gravity (dg) exhibited weak
correlations with the analyzed properties (15| < 0.25).

Overall, the observed correlation structure confirms the physical consistency of the
dataset and highlights the predominance of pressure effects on the thermophysical proper-
ties of natural gas.

3.2. Network Architecture Selection

The definition of the number of neurons in the hidden layer represents one of the main
hyperparameters in the development of artificial neural networks, directly influencing the
model’s ability to capture nonlinear relationships between input and output variables.

To evaluate the influence of this parameter, neural networks with different numbers of
neurons in the hidden layer were trained, ranging from 10 to 40. For each configuration, a
global average error was calculated, obtained from the arithmetic mean of the RMSE and
MSE values for the four estimated properties (Z, i, p, and Bg).

Figure 2 presents the variation in the global average errors (RMSE and MSE) as a
function of the number of neurons in the hidden layer. A significant reduction in error is
observed for architectures with up to approximately 32 neurons. Beyond this point, the
reduction in error becomes marginal.

Although the Universal Approximation Theorem supports the use of a single hid-
den layer, it does not prescribe the optimal number of neurons for a specific application.
Therefore, the hidden-layer size was determined empirically through the evaluation of
multiple network configurations. The architecture containing 32 hidden neurons produced
the lowest global average prediction error, calculated from the average RMSE and MSE
values of the four target properties (Z, i, p, and Bg), while maintaining stable training
behavior. Consequently, this configuration was selected as the final model architecture.

Thus, the architecture with 32 neurons was selected as it represents an appropriate
trade-off between predictive accuracy and model complexity. For this configuration, av-
erage RMSE and MSE values of approximately 7.82 x 1073 and 2.26 x 10~4, respectively,
were obtained.

Figure 3 presents the final neural network architecture adopted in this study (6-32—4),
consisting of six input neurons, one hidden layer with 32 neurons, and four output neurons.
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Figure 2. Variation in global average errors (RMSE and MSE) as a function of the number of neurons
in the hidden layer of the neural network. The dashed line indicates the selected optimal architecture
(32 neurons).
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Figure 3. Architecture of the multilayer perceptron (MLP) artificial neural network (6-32—4). Different
colors are used to distinguish the input, hidden, and output layers.

This configuration exhibited the best overall performance among the evaluated archi-
tectures while maintaining stability during the training process.

3.3. Network Training Performance

Figure 4 presents the evolution of the Mean Squared Error (MSE) over the training
epochs of the BPNN artificial neural network, using the Levenberg-Marquardt [29] op-
timization algorithm. The architecture adopted for the model was 6-32-4, consisting of
six neurons in the input layer, one hidden layer with 32 neurons, and four neurons in the
output layer, corresponding to the predicted thermophysical properties (Z, i, p, and Bg).
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Figure 4. Evolution of the Mean Squared Error (MSE) during training of the BPNN neural network
with a 6-32—4 architecture using the Levenberg-Marquardt [29] algorithm. The overlap of the curves
indicates the close agreement between the training, validation, and test performance.

A sharp reduction in error is observed during the initial training epochs. After
approximately 100 epochs, the rate of error reduction becomes more gradual.

The best validation performance was achieved at epoch 1000, with an MSE value
of 2.1262 x 10>, corresponding to the maximum number of training epochs specified.
Therefore, training was terminated by the predefined epoch limit rather than by a validation-
based early stopping criterion. Nevertheless, the training, validation, and test curves
remained closely overlapped throughout the training process, indicating stable convergence
and the absence of significant overfitting.

The reduction of the MSE to the order of 10~ indicates good accuracy in the model
training process. Moreover, the smooth behavior of the error curves on a logarithmic scale
confirms the stability of the training procedure.

To ensure reproducibility of the proposed model, the weight matrices and bias vectors
associated with the trained neural network are provided in the Supplementary Materials of
this work. These parameters correspond to the matrices Wy and W, and the bias vectors by
and b, defined for the final network architecture.

3.4. Comparative Performance Analysis

Table 4 presents the performance of the BPNN model for the training and test sets
using the statistical metrics RMSE, MSE, MAE, and R? for the four predicted properties
(Z, u, p, and By).

Table 4. Statistical performance metrics of the BPNN model for the training and test sets in predicting
the properties Z, y, p, and Bg.

Property Dataset RMSE MSE MAE R?
7 training 0.0005356 2.87 x 1077 0.0003770 1.00
testing 0.0005565 3.10 x 1077 0.0003900 1.00
training 0.0000322 1.07 x 107°  0.0000227 1.00
a testing 0.0000324 1.05 x 1072 0.0000229 1.00
training 0.0290160 8.42 x 107*  0.0197470 1.00
P testing 0.0300750 9.05 x 107*  0.0203450 1.00
B training 0.0006389 4.08 x 1077 0.0003879 1.00
8 testing 0.0006329 401 x 1077 0.0003868 1.00
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A high level of consistency is observed in the results, evidenced by the small difference
between the errors obtained for the training and test sets.

For the compressibility factor (Z), the RMSE ranges from 5.36 x 10~% in training
to 5.56 x 10~ in the test set. Similar results are observed for gas viscosity (1), for which
RMSE values remain on the order of 107> for both training and testing.

Gas density (p) exhibits higher absolute error values compared to the other prop-
erties. Even in this case, the difference between training (RMSE = 0.0290) and testing
(RMSE = 0.0301) errors remains small.

For the gas formation volume factor (Bg), RMSE values remain on the order of
10~ for both the training and test sets. Overall, the combined analysis of the RMSE,
MSE, MAE, and R? metrics indicates a high degree of agreement between the predicted
and reference values.

Figure 5 presents the parity plots between the values estimated by the neural network
and the reference values for the properties Z, i, p, and Bg.
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Figure 5. Parity plots between values predicted by the BPNN neural network and reference values
for the thermophysical properties of natural gas (Z, y, p, and Bg).

It is observed that the data points remain concentrated near the identity line (y = x) for
all analyzed properties.

3.5. Validation Against Literature Data and Applicability in Pressure Drop Calculation

The applicability of the proposed model was evaluated through its integration into
pressure drop calculations in pipelines using the Cullender and Smith [19] method.

To evaluate the physical consistency and practical applicability of the developed model,
the compressibility factor (Z) estimated by the MLP (BPNN) neural network was directly
incorporated into the hydraulic model, while the original formulation of the method was
kept unchanged.

Validation was performed using data from seven producing wells reported by Yusrizal
and Santoso [31], including bottom-hole pressure measurements and operating conditions.

The field application dataset provided wellhead pressure, bottom-hole flowing pres-
sure, temperature, flow conditions, and gas specific gravity data. However, detailed
gas-composition information was not reported in the original reference. Consequently,
the mole fractions of N, CO,, and H,S required as inputs to the proposed BPNN were
assumed to be zero for all evaluated wells. This assumption should be considered when
interpreting the results, since the actual gas compositions were unavailable.
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It should also be noted that the gas specific gravity reported for the evaluated wells
(dg = 0.78) lies slightly above the training range adopted during model development
(0.5 <dg < 0.7). Therefore, the field application involves a limited extrapolation beyond
the original training domain. Although satisfactory agreement was obtained, prediction
uncertainty may increase under extrapolation conditions, and the reported results should
be interpreted accordingly.

Table 5 presents a comparison between the measured bottom-hole flowing pressures
and the values predicted using both the original Cullender and Smith method and the
proposed BPNN-based approach. The corresponding prediction errors are also reported
to assess the impact of incorporating the neural-network-estimated compressibility factor
into the hydraulic calculations.

Table 5. Comparison between measured bottom-hole pressure and predicted values using Cullen-
der and Smith (C&S) and the proposed BPNN-based approach, along with their respective mean
percentage errors (MPE).

Well Name Measured P, C&S P,¢BPNN  Error C&S Error

Pt (psia) (psia) (psia) (%) BPNN (%)
01 2170 2318 2308 6.82 6.35
02 2518 2507 2510 0.44 0.31
03 1942 2072 2071 6.69 6.64
04 3114 3243 3248 414 4.30
05 1838 1925 1927 4.73 4.84
06 2061 2080 2077 0.92 0.80
07 2347 2419 2422 3.07 3.21
Mean percentage error 3.83 3.78

Source: Adapted from Yusrizal and Santoso [31].

Additionally, the assumed value of yCO; = 0 lies outside the compositional range rep-
resented in the training dataset (14-25 mol% CO,). Consequently, the field application also
involves compositional extrapolation, which constitutes an additional source of uncertainty.
In the absence of reported compositional data for the evaluated wells, the results should be
interpreted with appropriate caution.

The results indicate that the proposed approach adequately reproduces bottom-hole
pressure values, with a mean percentage error of 3.78%, comparable to that obtained with
the classical method (3.83%).

Table 6 presents the comparison between measured and calculated pressure drop
values using both approaches.

Table 6. Comparison between measured and calculated pressure drops and associated prediction
errors.

Measured AP Calculated AP  Erro AP C&S Calculated AP  Erro AP BPNN

(psi) C&S (psi) (%) BPNN (psi) (%)
825 973 17.94 963 16.73
706 695 1.56 698 1.13
559 689 23.26 688 23.08
879 1008 14.68 1013 15.24
598 685 14.55 687 14.88
606 625 3.14 622 2.64
561 633 12.83 636 13.37
Average - 12.56 - 12.44
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It is observed that the pressure drop values calculated by both approaches remain
close for all analyzed wells.

Although the average relative errors calculated using the bottom-hole flowing pres-
sure (P,,) were below 4% for both methods, this metric may provide a relatively optimistic
assessment because the reference pressure appears in the denominator and is substan-
tially larger than the corresponding pressure drop along the tubing. To provide a more
conservative evaluation, the pressure-drop error was also calculated using:

APcalc — APess
APyeas - 100

Erropnp = (12)
where AP represents the pressure drop between the wellhead and bottom-hole condi-
tions. Based on the values presented in Table 6, the average pressure-drop errors were
12.56% for the Cullender and Smith method and 12.44% for the proposed BPNN approach.
These results indicate that both methods exhibit comparable performance when evaluated
using pressure-drop criteria.

Although the AP-based errors are higher than those obtained using the P, metric,
the proposed BPNN-based approach produced virtually the same pressure-drop accuracy
as the original Cullender and Smith formulation (12.44% versus 12.56%). Therefore, the
observed uncertainty is primarily associated with the hydraulic model itself rather than
with the neural-network estimation of the compressibility factor. From an engineering
perspective, the results demonstrate that the proposed BPNN can replace the iterative
compressibility-factor calculation without introducing any significant degradation in hy-
draulic performance.

Overall, the results demonstrate that the BPNN model developed for estimating
natural gas thermophysical properties can be integrated into classical hydraulic models
without loss of accuracy in engineering calculations.

4. Discussion
4.1. Interpretation of Correlation Patterns and Nonlinear Relationships

The observed correlation structure confirms the physical consistency of the dataset
and highlights the predominance of pressure effects on the thermophysical properties of
natural gas. The increase in pressure promotes greater molecular compaction, increasing
both fluid density and viscosity, while simultaneously reducing the gas specific volume,
which is reflected in a decrease in the gas formation volume factor (Byg).

The behavior observed for temperature is associated with the thermal expansion
effect of the fluid. In addition, the moderate correlation between temperature and the
compressibility factor (Z) indicates that thermal effects contribute to deviations from ideal
gas behavior, although their influence is lower than that exerted by pressure under the
analyzed conditions.

It is important to note, however, that Spearman correlation assesses only monotonic
associations between variables and does not capture more complex nonlinear interactions.
Some variables, such as the mole fractions of N», CO,, and H,S, exhibit low correlation co-
efficients, indicating a weak monotonic association with the analyzed properties. However,
this result does not imply the absence of dependence between variables and may reflect the
presence of more complex nonlinear relationships.

It should be noted that the interpretation of the correlation coefficients must consider
the sampling ranges adopted for each input variable. In particular, N, and H,S were
represented within relatively narrow concentration intervals, resulting in limited statistical
variability. Consequently, the low correlation coefficients observed for these components
may partially reflect the restricted sampling range rather than the absence of physical
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influence on the thermophysical properties. Therefore, the correlation analysis should be
interpreted primarily as a description of the behavior within the investigated domain rather
than a definitive measure of variable importance.

Therefore, the observed low correlations do not necessarily imply the absence of
dependence between variables. Instead, they may result from a combination of limited sta-
tistical variability and nonlinear relationships that cannot be fully captured by a monotonic
correlation metric.

In this context, the use of artificial neural network-based models is appropriate,
as these models are capable of capturing nonlinear relationships between input and
output variables.

4.2. Influence of Network Architecture on Predictive Performance

The definition of the number of neurons in the hidden layer directly influences the
model’s ability to capture nonlinear relationships between input and output variables. An
insufficient number of neurons may result in underfitting, limiting the network’s ability to
adequately represent the complexity of the system, whereas an excessive number may lead
to overfitting, compromising the model’s generalization capability.

The reduction in error observed up to approximately 32 neurons indicates an im-
provement in the model’s ability to represent nonlinear relationships among the vari-
ables. Beyond this point, the reduction in error becomes marginal, indicating a saturation
trend in learning capacity. This behavior is consistent with an increase in model com-
plexity without significant performance gains and may even compromise the model’s
generalization capability.

The rapid convergence observed during training highlights the efficiency of the
Levenberg-Marquardt algorithm. This method combines features of gradient descent
and the Gauss—Newton approach, enabling efficient adjustment of synaptic weights and
accelerating the minimization of the cost function.

The absence of significant divergence between training, validation, and testing curves
indicates good generalization capability and the absence of overfitting, suggesting that the
adopted architecture (6-32—-4) is suitable for representing the complexity of the relationships
between the input variables and the system’s output properties.

4.3. Comparison with Previous Studies

The results obtained demonstrate excellent predictive capability for all evaluated
thermophysical properties. However, the interpretation of these performance metrics
requires consideration of the nature of the dataset employed in this study. The target
properties used for network training (Z, i, p, and Bg) were generated from well-established
thermodynamic and empirical correlations, including Hall-Yarborough and Carr et al.,
whereas the compositional domain was defined using representative concentrations of
non-hydrocarbon components (N3, CO,, and H;S) observed in Brazilian pre-salt reservoirs.

Several previous studies have reported artificial neural network models for predicting
natural gas properties. Nevertheless, direct quantitative comparisons of RMSE and R?
values should be interpreted with caution because many of these studies were developed
or validated using experimental datasets, which contain measurement uncertainty and
different error structures. Therefore, differences in data origin, operating conditions, and
input-variable distributions may substantially influence the reported performance metrics.

For gas density (p), higher absolute error values were observed compared with the
other predicted properties. This behavior is mainly associated with the broader numerical
range of density values in the dataset, extending from values close to zero up to approxi-
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mately 26 Ib/ £t3. Although some studies report lower RMSE values, direct comparisons
remain limited due to differences in dataset characteristics and validation procedures.

For the gas formation volume factor (Bg), the scarcity of published machine-learning
studies reporting detailed performance metrics limits comprehensive benchmarking. Nev-
ertheless, the results demonstrate that the proposed BPNN accurately reproduces the
behavior predicted by the adopted thermodynamic correlations throughout the investi-
gated operating range.

An important distinction of the proposed approach is the simultaneous estimation of
multiple thermophysical properties within a single neural network. This strategy increases
the complexity of the regression problem when compared with single-output models, while
contributing to the preservation of physical self-consistency among the predicted properties.
In this framework, the network learns a common representation of the thermodynamic
state of the gas, allowing the joint prediction of Z, y, p, and Bg from the same set of
input variables.

The high predictive performance of the model can be attributed to three main fac-
tors: the broad coverage of the operational variable space represented in the dataset; the
multi-output architecture adopted for simultaneous property estimation; and the use of the
Levenberg-Marquardt algorithm [29], which promotes efficient parameter adjustment in
nonlinear regression problems. Consequently, the excellent predictive metrics obtained in
this study should be interpreted primarily as evidence of the BPNN’s ability to reproduce
the underlying thermodynamic correlations with high fidelity within a physically represen-
tative operational domain, while providing an explicit, non-iterative, and computationally
efficient surrogate representation of the adopted correlations.

4.4. Independent Validation Using Experimental Data

To provide an independent assessment of the proposed model, additional validation
was performed using experimental compressibility-factor data reported by Buxton and
Campbell [33] or CO,-rich natural-gas mixtures. These data were not used during model
development or training.

Since the original experimental mixture presented a gas specific gravity slightly above
the training range of the proposed BPNN, the validation was conducted using the maximum
gas-specific-gravity value included in the training domain (dg = 0.70), thereby avoiding
extrapolation during the primary validation procedure.

Table 7 compares the experimental compressibility-factor values with the correspond-
ing BPNN predictions.

Table 7. Comparison between experimental compressibility-factor data reported by Buxton and
Campbell [33] and the corresponding BPNN predictions within the training domain (dg = 0.70).

P (psia) T (°P) Zexp ZBPNN (dg = 0.70) Error (%)
1026 100 0.865 0.8735 0.97
1526 100 0.814 0.8238 1.18
2026 100 0.778 0.7891 141
2526 130 0.814 0.8155 0.18
3026 130 0.82 0.8167 0.40
3526 130 0.839 0.831 0.96
4026 130 0.867 0.8552 1.38
4526 160 0.924 0.9092 1.63
5026 160 0.956 0.9403 1.67
6026 160 1.034 1.011 2.27
7026 160 1.115 1.090 2.34
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The results indicate good agreement between the experimental measurements and the
corresponding BPNN predictions over the entire pressure range investigated. Most relative
errors remained below 2%, with the maximum deviation being approximately 2.34%.

The model achieved an Average Absolute Relative Deviation (AARD) of 1.31% and
an RMSE of 0.0255, indicating excellent agreement with the experimental measurements.
A summary of the statistical performance metrics obtained for both the validation and
sensitivity-analysis cases is presented in Table 8.

Table 8. Summary of statistical performance metrics obtained for the independent experimental

validation.
Validation Case AARD (%) RMSE
Buxton and Campbell experimental dataset (dg = 0.70) 1.31 0.0255
Sensitivity analysis (dg = 0.78) 3.94 0.0340

These results provide independent experimental support for the proposed method-
ology and complement the validation performed using thermodynamic correlations and
hydraulic calculations. As expected, the prediction error increased when the actual gas
specific gravity of the experimental mixture (dg = 0.78) was employed, since this value lies
slightly outside the training range adopted for the BPNN (0.5-0.7). Under this extrapolation
condition, the AARD increased from 1.31% to 3.94%. Nevertheless, the model maintained
satisfactory agreement with the experimental measurements, indicating reasonable robust-
ness under limited extrapolation conditions.

A preliminary assessment of model behavior near the upper boundary of the gas-
specific-gravity training range also indicated a modest increase in prediction error, con-
sistent with the expected reduction in reliability of data-driven models as predictions
approach extrapolation conditions.

4.5. Engineering Applicability and Practical Implications

The proposed approach establishes a hybrid modeling framework, in which thermo-
physical properties are estimated using machine learning and incorporated into classical
flow equations.

Although several studies have explored the use of neural networks for predicting
natural gas properties, the direct integration of these predictions into classical hydraulic
models remains underexplored in the literature. To the best of the authors” knowledge,
no studies have been identified that use multi-output neural networks to simultaneously
estimate thermophysical properties and directly integrate them into the Cullender and
Smith [19] method for pressure drop calculation.

In this context, the proposed approach offers relevant advantages. First, the use of
a single multi-output model enables the simultaneous estimation of multiple properties
while preserving the physical relationships among them. Moreover, this strategy reduces
implementation complexity in practical applications by eliminating the need to use different
correlations or independent models for each property within simulation codes.

The results indicate that replacing the compressibility factor obtained from the Stand-
ing and Katz [32] chart with the BPNN-estimated values does not compromise the accuracy
of the hydraulic calculations. In addition, replacing the chart-based procedure with a neural
network formulation enhances flexibility for implementation in computational routines
and flow simulators.

These results indicate that the BPNN model preserves the physical behavior embed-
ded in the original hydraulic method, maintaining consistency between thermodynamic
properties and the flow equations used in pressure drop calculations.

https:/ /doi.org/10.3390/modelling7040138


https://doi.org/10.3390/modelling7040138

Modelling 2026, 7, 138

20 of 23

4.6. Limitations and Future Perspectives

It is important to note that the range of gas specific gravity considered during model
training (0.5 < dg < 0.7) is lower than the values used in the application stage, which reach
up to dg = 0.78, characterizing an extrapolation condition.

In data-driven models such as artificial neural networks, generalization is generally
more reliable within the training domain, while extrapolation is associated with greater
uncertainty [10,27,34]. Recent studies also indicate that machine learning models tend to
perform better under interpolation conditions than in extrapolative regimes, with potential
loss of accuracy outside the training data range [10].

Nevertheless, the results obtained indicate that the model maintains consistent perfor-
mance under these conditions, suggesting good robustness. However, caution is recom-
mended when applying the model outside the training range.

Overall, the developed model demonstrates potential for application in flow simu-
lations, reservoir modeling, and the development of computational tools in the oil and
gas industry. Additionally, the simultaneous prediction of four thermophysical properties
(Z, u, p, and Bg) facilitates integration into computational simulation frameworks, reduc-
ing implementation complexity and ensuring consistency among the variables used in
engineering calculations.

4.7. Limitations and Scope of Applicability

The proposed BPNN was developed as a surrogate model of established thermody-
namic correlations rather than as a direct replacement for laboratory PVT measurements.
Consequently, the excellent predictive performance reported in this study should be in-
terpreted primarily as the ability of the neural network to reproduce the behavior of the
underlying correlations within the investigated domain.

Although the compositional ranges were defined using representative field com-
positions from Brazilian pre-salt reservoirs, the target properties were generated from
established engineering correlations. Therefore, additional validation using independent
laboratory measurements and fully characterized field datasets is recommended before
extending the proposed approach to broader real-gas applications.

The application example included one case with a gas specific gravity value slightly
above the upper training limit. Specifically, the value of 0.78 represents an extrapola-
tion of approximately 11.4% beyond the maximum value used during model develop-
ment (0.70). Although satisfactory agreement was obtained in this case, extrapolative
predictions inherently involve greater uncertainty than interpolation scenarios. Con-
sequently, the proposed model is recommended primarily for applications within the
ranges represented in the training dataset, while predictions outside these limits should be
interpreted with caution.

5. Conclusions

This study presented the development and validation of a Backpropagation Neural
Network (BPNN) model for the simultaneous estimation of four thermophysical properties
of natural gas: compressibility factor (Z), viscosity (u), density (o), and gas formation
volume factor (Bg). Unlike most studies available in the literature, which predict these
properties independently, the proposed model employs a single multi-output neural ar-
chitecture (6-32—4), enabling integrated estimation of these variables while preserving the
physical consistency among interdependent thermodynamic properties.

The model was trained using a dataset composed of 58,165 points, generated
from well-established thermodynamic correlations, and optimized using the Levenberg—
Marquardt [29] algorithm. The results demonstrated high predictive performance, with
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coefficients of determination close to unity and RMSE values of 5.56 x 1074, 3.24 x 1075,
3.01 x 1072, and 6.33 x 10~ for Z, , p, and By, respectively, corresponding to MSE values
0f3.10 x 1077,1.05 x 107%,9.05 x 10~*, and 4.01 x 10~7.

For the compressibility factor and gas viscosity, the obtained errors are lower than
those reported in previous neural network-based studies, highlighting the advancement
of the proposed model in terms of predictive accuracy. For gas density, the absolute
error values are higher compared to the other properties, which is associated with the
wider variation range of this variable in the dataset, while still maintaining consistent
performance across the entire analyzed range. Furthermore, the estimation of the gas
formation volume factor (Bg), which remains relatively underexplored in the literature,
highlights the contribution of the present study. The close agreement between the errors
obtained for the training and test sets highlights the advancement of the proposed model in
terms of predictive accuracy, particularly considering the adopted multi-output approach.

The practical applicability of the model was evaluated through its integration into
pressure drop calculations in pipelines using the classical Cullender and Smith [19] method.
Replacing the compressibility factor obtained from the Standing and Katz [32] chart with
values predicted by the neural network resulted in a mean percentage error of 3.78%, which
is very close to that obtained with the classical method (3.83%).

This result demonstrates that the use of the BPNN does not compromise the hydraulic
consistency of the original formulation. It is noteworthy that the integration of the machine
learning model with a classical hydraulic model establishes a hybrid modeling framework
capable of replacing traditional procedures based on charts or empirical correlations, while
preserving the physical consistency of engineering calculations. This approach expands the
model’s potential application in flow simulators and computational systems used in gas
production and transportation engineering.

As a direction for future work, it is recommended to expand the model by incorpo-
rating experimental data to enhance the representativeness of the considered operating
conditions. Additionally, the properties predicted by the model, including the gas forma-
tion volume factor (Bg), which remains relatively underexplored in machine learning-based
studies, can be integrated into different flow and simulation models, contributing to the
development of more robust, accurate, and computationally efficient hybrid frameworks in
the oil and gas industry.

6. Patents

A computer program registration application associated with the computational
methodology developed in this study has been submitted to the Brazilian National Institute
of Industrial Property (INPI) and is currently under evaluation. A full code implementation
will be made available upon reasonable request to the corresponding author.
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ANN  Artificial Neural Network

BPNN  Backpropagation Neural Network
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RMSE  Root Mean Squared Error
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MAE Mean Absolute Error

LM Levenberg-Marquardt

ML Machine Learning

Z Compressibility Factor
Bg Gas Formation Volume Factor
0 Gas Density
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References
1.  Chu,],; Liu, X,; Zhang, Z.; Zhang, Y.; He, M. A Novel Method Overcomeing Overfitting of Artificial Neural Network for Accurate
Prediction: Application on Thermophysical Property of Natural Gas. Case Stud. Therm. Eng. 2021, 28, 101406. [CrossRef]
2. Sanjari, E.; Lay, E.N. Estimation of Natural Gas Compressibility Factors Using Artificial Neural Network Approach. J. Nat. Gas
Sci. Eng. 2012, 9, 220-226. [CrossRef]
3. Abooali, D.; Khamehchi, E. Estimation of Dynamic Viscosity of Natural Gas Based on Genetic Programming Methodology. ]. Nat.
Gas Sci. Eng. 2014, 21, 1025-1031. [CrossRef]
4.  Mohamadi-Baghmolaei, M.; Azin, R.; Osfouri, S.; Mohamadi-Baghmolaei, R.; Zarei, Z. Prediction of Gas Compressibility Factor
Using Intelligent Models. Nat. Gas Ind. B 2015, 2, 283-294. [CrossRef]
5. Wood, D.A.; Choubineh, A. Transparent Machine Learning Provides Insightful Estimates of Natural Gas Density Based on
Pressure, Temperature and Compositional Variables. . Nat. Gas Geosci. 2020, 5, 33—43. [CrossRef]
6. Khosravi, A.; Machado, L.; Nunes, R.O. Estimation of Density and Compressibility Factor of Natural Gas Using Artificial
Intelligence Approach. J. Pet. Sci. Eng. 2018, 168, 201-216. [CrossRef]
7. Okoro, E.E.; Ikeora, E.; Sanni, S.E.; Aimihke, V].; Ogali, O.I. Adoption of Machine Learning in Estimating Compressibility Factor
for Natural Gas Mixtures under High Temperature and Pressure Applications. Flow Meas. Instrum. 2022, 88, 102257. [CrossRef]
8. Ghanem, A.; Gouda, M.E,; Alharthy, R.D.; Desouky, S.M. Predicting the Compressibility Factor of Natural Gas by Using Statistical
Modeling and Neural Network. Energies 2022, 15, 1807. [CrossRef]
9. Tran, T.N.T.; Quang Do, K.; Hoang, Q.T.; Hai Le, N.N.; Nguyen, T.V. Estimating the Natural Gas Compressibility Factor Using a
Statistical Correlations and Machine Learning Approaches. IOP Conf. Ser. Earth Environ. Sci. 2024, 1340, 012001. [CrossRef]
10. Gomaa, S.; Abdalla, M.; Salem, K.G.; Nasr, K; Emara, R; Wang, Q.; El-hoshoudy, A.N. Machine Learning Predic-
tion of Methane, Nitrogen, and Natural Gas Mixture Viscosities under Normal and Harsh Conditions. Sci. Rep. 2024,
14, 15155. [CrossRef] [PubMed]
11.  Kanchev, N.; Stoyanov, N.; Milushev, G. Prediction of the Natural Gas Compressibility Factor by Using MLP and RBF Artificial

Neural Networks. Meas. Sci. Rev. 2025, 25, 1-9. [CrossRef]

https://doi.org/10.3390 /modelling7040138


https://doi.org/10.1016/j.csite.2021.101406
https://doi.org/10.1016/j.jngse.2012.07.002
https://doi.org/10.1016/j.jngse.2014.11.006
https://doi.org/10.1016/j.ngib.2015.09.001
https://doi.org/10.1016/j.jnggs.2019.12.003
https://doi.org/10.1016/j.petrol.2018.05.023
https://doi.org/10.1016/j.flowmeasinst.2022.102257
https://doi.org/10.3390/en15051807
https://doi.org/10.1088/1755-1315/1340/1/012001
https://doi.org/10.1038/s41598-024-64752-8
https://www.ncbi.nlm.nih.gov/pubmed/38956414
https://doi.org/10.2478/msr-2025-0001
https://doi.org/10.3390/modelling7040138

Modelling 2026, 7, 138 23 of 23

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.
26.

27.
28.

29.

30.

31.

32.
33.

34.

Kamyab, M.; Sampaio, J].H.B.; Qanbari, E; Eustes, A.W. Using Artificial Neural Networks to Estimate the Z-Factor for Natural
Hydrocarbon Gases. J. Pet. Sci. Eng. 2010, 73, 248-257. [CrossRef]

AlQuraishi, A.A.; Shokir, E.M. Artificial Neural Networks Modeling for Hydrocarbon Gas Viscosity and Density Estimation. J.
King Saud Univ.-Eng. Sci. 2011, 23, 123-129. [CrossRef]

Lay, E.N.; Peymani, M.; Sanjari, E. Prediction of Natural Gas Viscosity Using Artificial Neural Network Approach. Int. ]. Chem.
Mol. Eng. 2012, 6, 577-583.

Farzaneh-Gord, M.; Rahbari, H.R.; Mohseni-Gharesafa, B.; Toikka, A.; Zvereva, I. Accurate Determination of Natural Gas
Compressibility Factor by Measuring Temperature, Pressure and Joule-Thomson Coefficient: Artificial Neural Network Approach.
J. Pet. Sci. Eng. 2021, 202, 108427. [CrossRef]

Azizi, N.; Rezakazemi, M.; Zarei, M.M. An Intelligent Approach to Predict Gas Compressibility Factor Using Neural Network
Model. Neural Comput. Appl. 2019, 31, 55-64. [CrossRef]

Elsayed, M.; Alsabaa, A.; Salem, A. Different Machine Learning Approaches to Predict Gas Deviation Factor (Z-Factor). J. Pet.
Min. Eng. 2023, 25, 88-96. [CrossRef]

Guo, B,; Lyons, W.C.; Ghalambor, A. Petroleum Production Engineering: A Computer Assisted Approach; Elsevier: Burlington,
MA, USA, 2007.

Cullender, M.H.; Smith, R.V. Practical Solution of Gas-Flow Equations for Wells and Pipelines with Large Temperature Gradients.
Trans. AIME 1956, 207, 281-287. [CrossRef]

Hall, K.; Yarborough, L. A New Equation of State for Z-Factor Calculations. Oil Gas J. 1973, 71, 82-92.

Carr, N.L.; Kobayashi, R.; Burrows, D.B. Viscosity of Hydrocarbon Gases Under Pressure. J. Pet. Technol. 1954, 6, 47-55. [CrossRef]
Sanaei, A.; Yousefi, S.H.; Naseri, A.; Khishvand, M. A Novel Correlation for Prediction of Gas Viscosity. Energy Sources Part
Recovery Util. Environ. Eff. 2015, 37, 1943-1953. [CrossRef]

Matos, S.F,; Altoé, L. Anélise da garantia de escoamento de petréleo em dguas profundas em relacao a deposicao de parafina. Lat.
Am. J. Energy Res.-LAJER 2019, 6, 12-31. [CrossRef]

Yousefi, S.H.; Azamifard, A.; Hosseini, S.-A.; Shamsoddini, M.-].; Alizadeh, N. Toward a Predictive Model for Predicting Viscosity
of Natural and Hydrocarbon Gases. . Nat. Gas Sci. Eng. 2014, 20, 147-154. [CrossRef]

Beggs, H.D.; Brill, ].P. Two-Phase Flow in Pipes; University of Tulsa: Tulsa, OK, USA, 1953.

Rahmanifard, H.; Maroufi, P.; Alimohamadi, H.; Plaksina, T.; Gates, I. The Application of Supervised Machine Learning
Techniques for Multivariate Modelling of Gas Component Viscosity: A Comparative Study. Fuel 2021, 285, 119146. [CrossRef]
Haykin, S.S. Neural Networks and Learning Machines; Pearson: New York, NY, USA, 2009.

Hornik, K.; Stinchcombe, M.; White, H. Multilayer Feedforward Networks Are Universal Approximators. Neural Netw.
1989, 2, 359-366. [CrossRef]

Levenberg-Marquardt Algorithm—An Overview | ScienceDirect Topics. Available online: https://www.sciencedirect.com/
topics/engineering/levenberg-marquardt-algorithm (accessed on 18 May 2026).

Santos, L.B.L.; dos Santos, L.C.L.; Simonelli, G. Analysis of the Brazilian Energy Policies for Natural Gas Using Artificial Neural
Networks. J. Nat. Gas Sci. Eng. 2022, 102, 104559. [CrossRef]

Yusrizal, M.; Santoso, A. Validation of The Cullender and Smith Method for Determining Pressure Loss in The Tubing in Gas
Wells. . Pet. Geotherm. Technol. 2021, 2, 87. [CrossRef]

Standing, M.B.; Katz, D.L. Density of Natural Gases. Trans. AIME 1942, 146, 140-149. [CrossRef]

Buxton, T.S.; Campbell, ].M. Compressibility Factors for Lean Natural Gas-Carbon Dioxide Mixtures at High Pressure. Soc. Pet.
Eng. ]J. 1967, 7, 80-86. [CrossRef]

Goodfellow, I; Bengio, Y.; Courville, A. Deep Learning; The MIT Press: Cambridge, MA, USA, 2016.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390 /modelling7040138


https://doi.org/10.1016/j.petrol.2010.07.006
https://doi.org/10.1016/j.jksues.2011.03.004
https://doi.org/10.1016/j.petrol.2021.108427
https://doi.org/10.1007/s00521-017-2979-7
https://doi.org/10.21608/jpme.2023.177642.1145
https://doi.org/10.2118/696-G
https://doi.org/10.2118/297-G
https://doi.org/10.1080/15567036.2011.601798
https://doi.org/10.36026/rpgeo.v6i2.3447
https://doi.org/10.1016/j.jngse.2014.06.003
https://doi.org/10.1016/j.fuel.2020.119146
https://doi.org/10.1016/0893-6080(89)90020-8
https://www.sciencedirect.com/topics/engineering/levenberg-marquardt-algorithm
https://www.sciencedirect.com/topics/engineering/levenberg-marquardt-algorithm
https://doi.org/10.1016/j.jngse.2022.104559
https://doi.org/10.31315/jpgt.v2i2.5657
https://doi.org/10.2118/942140-G
https://doi.org/10.2118/1590-PA
https://doi.org/10.3390/modelling7040138

	Introduction 
	Materials and Methods 
	Dataset 
	Data Filtering and Preprocessing 
	Correlation Analysis 
	Artificial Neural Network Architecture 
	Neural Network Training 
	Model Evaluation Metrics 
	Application to Pressure Drop Calculation 

	Results 
	Spearman Correlation Analysis 
	Network Architecture Selection 
	Network Training Performance 
	Comparative Performance Analysis 
	Validation Against Literature Data and Applicability in Pressure Drop Calculation 

	Discussion 
	Interpretation of Correlation Patterns and Nonlinear Relationships 
	Influence of Network Architecture on Predictive Performance 
	Comparison with Previous Studies 
	Independent Validation Using Experimental Data 
	Engineering Applicability and Practical Implications 
	Limitations and Future Perspectives 
	Limitations and Scope of Applicability 

	Conclusions 
	Patents 
	References

